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INVESTIGATING SURFACE TEMPERATURE FROM FIRST PRINCIPLES: SEEDLING SURVIVAL,
MICROCLIMATE BUFFERING, AND IMPLICATIONS FOR FOREST REGENERATION

Chairperson: Solomon Dobrowski

Forests are extremely important ecosystems with large impacts on global water, energy, and biogeochmical
cycling, and they provide numerous ecosystems services to human populations. Even though these systems
consist of long-lived vegetation, forests are constantly experiencing changes to their extent and composition
through the interacting forces of disturbance dynamics and climate change. In semi-arid landscapes like
the western United States, patterns of recurring wildfire and subsequent seedling recruitment and forest
regeneration are important in establishing the distribution of forests on the landscape. In this context,
climate, hydrology, and existing vegetation all act together to limit the current and potential range of forest
tree species. Most studies of forest persistence and regeneration use empirical observations and models that
are unable to investigate the underlying climatic and hydrologic drivers of forest range shifts or extrapolate
to novel temporal or spatial conditions. Here, we aim to study forest persistence and regeneration from first
principles, identifying patterns of seedling survival in response to soil surface temperature, an integrative
representation of the energy and water balance. We then use a process-based model to examine surface
temperatures as a constraint on seedling establishment and forest persistence across the western United
States.
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Chapter 1
Conifer Seedling Survival in Response to High Surface Temperature Events of
Varying Intensity and Duration
Prepared for publication with the following co-authors:
Philip Higuera2 , Marco Maneta3 , Zachary Holden4 , and Solomon Dobrowski1
1
Forest Landscape Ecology Lab, University of Montana, Department of Forest Management, Misosula, MT,
United States; 2 PaleoEcology and Fire Ecology Lab, University of Montana, Department of Ecosystem and
Conservation Sciences, Misosula, MT, United States; 3 Regional Hydrology Lab, University of Montana,
Department of Geosciences, Misosula, MT, United States; 4 US Forest Service Region 1, Misosula, MT,
United States

Abstract
Forests face accelerating threats due to increases in the severity and frequency of drought and heat
stress associated with climate change. In particular, changing patterns of forest regeneration after disturbance will be important in predicting future forest distribution across the western United States,
where patterns of recurring fire and regrowth are important in establishing landscape dynamics. To
predict shifting landscape patterns, it will be important to identify environmental boundaries for forest
regeneration using environmental variables with clear consequences for seedling survival. Here we explore soil surface temperature as an environmental variable with direct consequences for seedling survival
and forest regeneration potential. We conducted a literature search to identify five previous laboratory
experiments, spanning a period of 1924 to 1986, that exposed conifer seedlings to elevated soil surface
temperatures for given amounts of time. We then synthesized the data from these studies to explore
the survival of western U.S. conifer species in response to to differing surface temperature levels. We
found mortality thresholds consistent with previously reported measurements in field and lab studies, but
found that as surface temperatures reach these lethal thresholds the duration of exposure to a give surface
temperature matters greatly to survival outcomes. This work leverages an intuitive climate metric with
clear consequences for seedling survival to inform future investigations into soil surface temperature as
an indicator of forest regeneration potential.

1

Introduction

Forests play a central role in global water, energy, and biogeochemical cycles, serve as important sources
of biodiversity, are the focus of climate change mitigation strategies, and provide essential ecosystem services
to communities around the globe (Anderegg et al. (2015); Bastin et al. (2019a); Bonan (2008); Pan et al.
(2013)). Forests also face accelerating threats due to increases in the severity and frequency of drought and
heat stress associated with climate change which are changing forest extent and composition (Allen et al.
(2010a, 2015)). These permanent changes to forested landscapes occur through both mature die-off events
(Allen et al. (2010a); Coop et al. (2016)) and through reductions in forest regeneration after disturbance
(Anderson-Teixeira et al. (2013); Savage et al. (2013); Donato et al. (2016)).
Forest regeneration is increasingly garnering the attention of researchers and managers given that seedlings
are uniquely sensitive to climate trends and weather extremes. Viewing forest distribution through the lens
of regeneration is particularly useful when forests are in disequilibrium with climate, as is the case with longlived woody vegetation during periods of directional climate change (Bertrand et al. (2016)). Mature forest
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stands, with deeper access to groundwater resources and greater tolerance to high temperature, may persist
at a site long after local conditions have passed thresholds suitable for the growth of seedlings, which have
smaller thermal and hydrologic niches (Bell et al. (2014); Bertrand et al. (2016); Dobrowski et al. (2015)).
This disequilibrium will persist until the current cohort dies and is not replaced. Disturbances such as a
stand-replacing fire can accelerate this process by killing mature trees (Johnstone et al. (2016)). Predicting
future changes in forest extent thus necessarily requires an explicit focus on forest regeneration.
Given that disturbances are accelerating mortality, a focus on regeneration will be even more important
for predicting future forest distributions in the western United States, where patterns of recurring wildfire and
recovery are important in establishing landscape dynamics (Johnstone et al. (2016)). These landscapes are
expected to experience more frequent and severe fires in the coming decades (Westerling et al. (2011); Littell
et al. (2018); Flannigan et al. (2009)), which may further accelerate landscape transformations. A growing
body of evidence suggests that under directional climate change, post-disturbance landscapes at the drier,
hotter edges of current species ranges are becoming unsuitable for regeneration, facilitating conversions
from forest to non-forest (Stevens-Rumann et al. (2018); Coop et al. (2020); Donato et al. (2016); Davis
et al. (2019a); Walker et al. (2018)). Predictions of future landscape conversion will require identifying the
environmental conditions under which regeneration is possible.
Regeneration after disturbance relies on seedling recruitment, in which viable seeds are dispersed and
seedlings successfully establish. Once established, tree seedling survival has been traditionally understood
as an interaction between hydraulic stress, temperature stress, carbon starvation, and biotic agent attack
(McDowell et al. (2011, 2008)). Models of seedling survival, mortality, or recruitment have relied on a
variety of environmental predictors, like vapor pressure deficit or soil moisture, to capture some element of
the climatologic or hydrologic conditions contributing to seedling growth and survival. Here we assess soil
surface temperature (hereafter, surface temperature) as a predictor of seedling survival.
Surface temperatures are a measurements of the energy balance at the Earth’s surface that are governed
by net radiation and soil moisture (Mildrexler et al. (2011); Jin and Dickinson (2010)). They can differ
substantially from air temperatures measured just centimeters above the ground (Silen (1960); Vaartaja
(1949); Jin and Dickinson (2010)), and high surface temperatures have been recognized as a direct cause of
seedling mortality since the early 20th century (Hartley (1918)). Incoming radiation heats the soil surface,
while soil water content increases the thermal heat capacity of the soil. Thus, as soil moisture increases, the
same amount of incoming radiation will result in lower heating of the soil surface. Importantly, satellite-based
radiometric measures of surface temperature provide continuous spatial coverage, although they can only
provide information on surface temperature in unvegetated areas. If surface temperatures can be used to
predict seedling survival, it would enable the assessment of forest regeneration potential at multiple spatial
scales. In a single, easily retrievable measurement, surface temperature incorporates information about the
energy and water balance at a site, providing potentially useful information about seedling viability.
There is reason to suspect that surface temperatures will serve as a reliable predictor of seedling survival.
Tree seedlings are extremely sensitive to elevated surface temperatures - first year germinants do not have
well-developed bark or access to deep groundwater reserves and are more sensitive to heat-induced lesions
and mortality than more established individuals. Heat conducted from soil surrounding the seedling causes
irreversible damage to enzymes and proteins in the protoplasm and cell membranes, leading to stem damage
and death (Gates (2012)). Thus, at high surface temperatures, small changes in the duration of heat exposure
greatly impact seedling survival (Seidel (1986)). These short-term dynamics are experienced by seedlings in
the field, where surface temperatures undergo high-frequency variations over hourly to diurnal time scales
(Jin and Dickinson (2010), Fig.C .1). However, field studies of seedling survival do not typically account
for these fine temporal dynamics, which limits our understanding of seedling sensitivity to high surface
temperatures. While it has long been recognized that the duration of exposure to high surface temperatures
impacts survival outcomes (Bates and Roeser (1924)), threshold responses to temperature, sensitivity across
species, and the relative importance of exposure duration remains unclear.
Here we examine seedling tolerances to surface temperature intensity and duration at fine spatio-temporal
scales in common conifer species of the western United States. Multiple experiments have measured seedling
survival while exposing seedlings to high surface temperatures in controlled environments. However, it remains unclear how conifer species respond when exposed to high surface temperatures, and how this response
varies among species. We synthesized the results from past surface temperature exposure experiments and
used Bayesian inference to construct a heirarchical generalized linear model to measure the response of west-
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ern U.S. conifer seedlings to surface temperature intensity and duration, and to quantify the variation in
these responses across eight species. We use our model to characterize the environmental boundaries for
suitable seedling survival in the western U.S.
Reference

Baker 1929
Bates and
Roeser
1924

Number
of
Observations
10
106

Heating
Method

Electric
Heater
Electric
heater

Seedling
Age
Range
(Days)
21

Temperature
Range (◦C)

Species

48.9-54.5

Exposure
Duration
Range
(Minutes)
1-15

46-90

25.9-56.8

5-128

Pinus ponderosa,
Pinus
contorta,
Pseudotsuga
menziesii, Picea
engelmannii
Pinus ponderosa,
Pinus
contorta,
Pseudotsuga
menziesii, Pinus
edulis
Pinus ponderosa,
Pseudotsuga
menziesii, Abies
grandis,
Picea
engelmannii
Pseudotsuga menziesii

Daubenmire 25
1943

Radiant
heat lamp
and heating cable

47

40-60

360

Seidel 1986

192

Dry water
bath

14/28

48.8-62.8

1-300

Silen 1960

55

Dry water
bath

7-20
90-95

47.8-66.7

1-610

or

Pinus radiata

Table 1: Summary of information from the five studies used in this analysis.
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2 .1

Methods
Data collection

We conducted a literature search to gather previously published data relating seedling survival to surface
temperature intensity and duration. To be included in this analysis, studies had to expose seedlings to a
constant surface temperature for a specified duration, and report seedling survival at sub-hourly intervals.
In addition, studies had to include conifer species found in the western U.S. Ultimately, we found five
articles that included the appropriate published data, and they span a period from 1924 to 1986 (Baker
(1929); Daubenmire (1943); Silen (1960); Seidel (1986); Bates and Roeser (1924)). The relationship between
seedling survival and surface temperature was captured experimentally by using an external heat source to
maintain elevated surface temperatures and measuring seedling survival at specific intervals of exposure.
Experimental procedures varied (Table 1), but all took place in a greenhouse or laboratory setting – no
publications were found that recorded field data at a fine enough temporal resolution for this analysis. To
isolate the effect of surface temperature on seedling survival, these studies maintained well-watered soil
throughout their experiments. Data were obtained from tables or figures in published manuscripts: values
from tables were directly transcribed, while values from figures were estimated by using a ruler to identify
where data points crossed figure axes. Ultimately, we obtained 390 observations of eight different conifer
species, with the majority of observations consisting of ponderosa pine (Pinus ponderosa, 84/390), Douglasfir (Pseudotsuga menziesii, 135/390), Engelmann spruce (Picea engelmannii, 80/390), or grand fir (Abies
grandis, 48/390) (Fig.1). Here, an observation refers to a population of conifer seedlings subjected to an
experimental treatment consisting of a specific surface temperature exposure with a specified duration and
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Figure 1: Summary of seedling populations used in each of the studies from the literature search. Most experimental designs
included four types of seedlings, with the exception of Baker 1929 and Silen 1960. Species represented in the dataset include
Abies grandis (ABGR), Abies lasiocarpa (ABLA), Pinus contorta (PICO), Pinus edulis (PIED), Picea engelmannii (PIEN),
Pinus ponderosa (PIPO), Pinus radiata (PIRA2), and Pseudotsuga menziesii (PSME).

intensity. Only one observation exposed seedlings to elevated temperatures for longer than 400 minutes this observation was excluded from our dataset when fitting the model.

2 .2

Statistical model of seedling survival

The experimental data used here come from studies designed in a similar fashion to a clinical trial - a
treatment (surface temperature) was applied to a population of seedlings for a known length of time, and
survival was measured at varying time intervals. These experiments resulted in right-censored observations,
or populations of seedlings that did not experience complete mortality during the period of observation.
Because of the structure of these data, we initially explored a survival analysis, a class of statistical models
commonly used in clinical studies or studies of mechanical failure which focus on the expected duration of
time until an individual experiences some event of interest. We compared the performance of a multilevel
Weibull proportional hazards model to a multiple logistic regression more common in tree mortality studies,
and found that the multiple logistic regression provided a better fit to our data (Appendix A). Logistic
models are one of the most widely used techniques in predicting post-fire tree mortality, and have been used
to represent fire and environmental effects on seedling survival (Woolley et al. (2012)).
For this analysis, we constructed a hierarchical multiple logistic regression using Bayesian inference. We
calculated seedling survival probability using a generalized linear model where the conditional probability P
that a population of seedlings experiences complete mortality (Y = 1), given a specific surface temperature
value and exposure duration, is represented as
P (Y = 1 | XT , XD ) =

1

(1)
1+
where XT is surface temperature in degrees Celcius, and XD is exposure duration in minutes. The linear
function, β0 + β1 XT + β2 XD + β3 XT XD , is the logit link function, where β0 is an intercept term, β1 is
the surface temperature coefficient, β2 is the exposure duration coefficient, and β3 is an interaction term
e−((β0 +β4 )+β1 XT +β2 XD +β3 XT XD )
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Figure 2: a) The distribution of AUC values for 4,000 draws from the posterior distribution, where the solid line represents
mean AUC, and dashed lines represent 1 standard deviation. Also shown are the distributions of b) MSE values and c) MAE
values from repeated k-fold validation.

between surface temperature and exposure duration. To determine whether observations from each study
demonstrated bias, we included the term β4 , which represents the effect of each study on the model intercept.
This model was written and implemented using the R package rstanarm (Goodrich et al. (2020)), and
Bayesian inference was performed using the Hamiltonian Markov Chain Monte Carlo (MCMC) scheme in
Rstan (Stan Development Team (2020)). The model was fit using four Markov chains with a 2,000 iteration
burn-in period and a 2,000 iteration sampling period. We evaluated the convergence of Markov chains by
visually inspecting plot traces and using Gelman Rubin R-hat statistics (values < 1.1). We used weakly
informative priors for all model parameters (normal distribution with mean 0 and standard deviation 2.5),
as we had no information on reasonable prior values.
Our model predicts survival for an individual (seedling) that belongs to a group (species). To account for
the differences between groups and measure inter-species variation in survival curves, we used a hierarchical
prediction framework in estimating the posterior distribution of the intercept parameter, β0 . This hierarchical structure allows us to construct a pooled intercept parameter that informs species-specific intercepts,
which are allowed to vary. This makes it possible to estimate model parameters for species with very few
observations and evaluate the inter-species variation in modelled survival responses.

3

Results

Our model adequately fits observed data as measured by receiver operating curves (ROC) and k-fold
validation. We constructed ROCs of predicted and observed mortality for 4,000 posterior predictive draws
from the model, and the mean area under the curve (AUC) is 0.73 ± 0.02SD (Fig.2a). Using repeated
k-fold validation with 10 folds and 20 repetitions, we find that model mean square error (MSE) for the
proportion of surviving seedlings is 0.1±0.03SD and mean absolute error (MAE) is −0.1±0.04SD (Fig.2b,c).
Model parameters suggest that studies did exert a strong influence over survival outcomes, modifying the
model intercept to result in a range of survival probabilities from 0.32 to 1 when surface temperature and
exposure duration are held constant at their mean values for each study. While the bias of most studies is
similar, (Daubenmire (1943)) accounts for most of the range in these survival outcomes (Fig.B .2), severely
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Figure 3: Modelled and observed survival of all conifer species (Abies grandis (ABGR), Abies lasiocarpa (ABLA), Pinus
contorta (PICO), Pinus edulis (PIED), Picea engelmannii (PIEN), Pinus ponderosa (PIPO), and Pseudotsuga menziesii
(PSME)) with respect to surface temperature, colored by experimental duration. Model curves represent the estimated survival
probability using mean parameter values from posterior distributions, with β4 fixed at the value corresponding to the Seidel
(1986) study, which accounts for the greatest percentage of observations (49%).
overestimating survival probabilities at high temperatures. For the rest of the paper, present model results
using the bias correction for Seidel (1986) and ignore offsets from all other studies, as Seidel (1986) accounts
for the greatest percentage of observations (49%).
When plotted against surface temperature as measured in degrees Celsius, survival probabilities using
mean model parameters from posterior distributions show predicted survival beginning to decrease past
40◦ C (Fig.3a). These survival curves are moderated by exposure time. At the low and high end of surface
temperatures represented in this study, seedling survival does not vary greatly over the duration of exposure.
However, between approximately 45◦ C and 60◦ C, the duration of exposure greatly modifies predicted survival
outcomes (Fig.3a). Ultimately, this means that as surface temperatures approach these threshold values,
there is a greater range of modeled survival outcomes depending on the exposure duration, until surface
temperatures reach extreme values at or above 60◦ C. If the exposure duration is unknown at these transitional
surface temperatures, we have lower confidence in our predictions of survival probability.
When using modeled outcomes to investigate common population-level mortality thresholds, a few patterns emerge. Firstly, there is very little inter-species variation in surface temperatures required to meet
progressively higher mortality thresholds in any of the species represented (Fig.3b-d). When surface temperature and exposure duration are held constant at their mean values in our data set, species-level intercept
values predict differences in survival probabilities from 0.11 to 0.17 over all eight species (Fig.4). In addition,
as surface temperature increases, the duration of heat exposure required to cross lethal dosage thresholds
for 50% (LD50), 75% (LD75), and 90% (LD90) mortality is reduced (Fig.5). However, the curves that
correspond to these three lethal dosage thresholds begin to converge on a common duration value as surface
temperature increases (Fig.5). This experimental duration converges on zero minutes of exposure for each
species. As surface temperature increases, exposure duration matters less to survival outcomes (Fig.5).
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Figure 4: Species-level differences of survival outcomes based on different values of model intercept parameters when holding
surface temperature and exposure duration constant at their mean values.

4

Discussion

Field studies of post-disturbance seedling survival rarely measure high-frequency dynamics in surface
temperature, and lab or greenhouse studies of this phenomenon have not - until now - been synthesized to
construct a more complete picture of conifer seedling sensitivity to elevated surface temperatures. Fine-scale
surface temperature variability, in space and time, is mostly due to variation in solar insolation driven by
changes in cloud cover. Surface temperatures can vary at fine temporal scales in the hottest parts of the day
(Fig.C .1), and the research presented here suggests that as surface temperatures reach lethal temperatures,
those small-scale changes in duration have biologically meaningful impacts on survival (Fig.3). For example,
our model predicts that at a surface temperature of 55◦ C, a Douglas fir seedling will cross the 50% mortality
threshold, with estimated probability of death increasing from 49% to 51%, in five minutes. A further 30
minutes of exposure will increase the probability of mortality to 60%. When we broaden our scope, the
convergence of these 50% lethal dosage thresholds on common exposure duration values (Fig.5) may indicate
a common limit of tolerance to thermal damage across species. In the well-watered conditions maintained
in these studies, a common temperature sensitivity across species is not surprising given that all plants
share similar cellular machinery. However, these tree species would exhibit much greater variability in their
temperature response in-situ, where water and heat stress are coupled (McDowell et al. (2011)).
Previous research has shown that surface temperature measurements from 52◦ C to 66◦ C signify the
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Figure 5: Minimum temperature intensity and duration curves for the four best-represented species at which modelled survival
probabilities drawn from the posterior distribution are below 0.5, 0.25, or 0.1. Duration values are the minimum exposure time
needed to cross these thresholds at a give surface temperature. These can be thought of as ”lethal dosage” curves for seedling
mortality, or LD50, LD75, and LD90, respectively. As surface temperature increases, Abies grandis (ABGR), Picea engelmannii
(PIEN), Pinus ponderosa (PIPO), and Pseudotsuga menziesii (PSME) populations cannot tolerate the same duration of heat
exposure.

onset of seedling mortality (Helgerson (1989)). Using the model constructed here, if we plot the surface
temperature vs. duration curves that correspond to 75% seedling mortality, it is clear that the concept of
a lethal temperature strongly depends on the duration of exposure (Fig.5). For example, a lethal surface
temperature could be as low as 52◦ C or as high as 58◦ C. This range of values is still consistent with
previously reported temperature thresholds, so we can assume that surface temperature on its own still
contains valuable information about the potential for seedling mortality. However, our synthesis quantifies
the extent to which the duration of heat exposure also impacts seedling mortality across conifer species (Baker
(1929); Daubenmire (1943); Silen (1960); Seidel (1986); Bates and Roeser (1924); Kolb and Robberecht
(1996); Helgerson (1989)). Accordingly, information on surface temperature exposure duration may improve
predictions of forest regeneration potential.
One of the most important insights of this model is that small changes in the duration of heat exposure
matter more as surface temperature reaches lethal temperatures, until it reaches about 60◦ C (Fig.3a). We
can again return to our hypothetical Douglas-fir seedling. According to our model, at a surface temperature
of 50◦ C, a Douglas-fir seedling requires 200 minutes of exposure to cross the 50% mortality threshold. At
55◦ C, that seedling would only require 25 minutes of exposure, while only one minute of exposure to a surface
temperature of 60◦ C is needed to pass this 50% mortality threshold. The choice of temperature values here
is arbitrary but illustrative of the larger pattern in model outcomes (Fig.3). Surface temperatures in these
ranges are not uncommon during summer in many temperate regions. Indeed, large areas of the western U.S. most of the southwest and the semiarid interior stretching north - reach yearly maximum surface temperatures
at or above 50◦ C (Mildrexler et al. (2011)). Even high-elevation locations within the western US can reach
lethal temperatures. In one area of Rocky Mountain National Park dominated by lodgepole pine, subalpine
fir, and Douglas-fir, surface temperature values measured by the National Ecological Observatory Network
(NEON) regularly exceeded 60◦ C in the summer (Fig.C .2).
Surface temperature varies dramatically with land cover, soil moisture content, evapotranspiration rates,
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albedo, and other environmental factors (Mildrexler et al. (2011); Jin and Dickinson (2010); Li et al. (2015,
2016)). Because surface temperature is tightly coupled to the surface energy balance of the Earth, the
highest surface temperatures are typically found in areas of low canopy cover where soil is exposed to
high levels of solar radiation. These conditions are common in semi-arid environments and in a range of
other ecosystems after stand replacing disturbances such as fire. Recent evidence suggests that measurable
increases in surface temperature follow fire-induced forest loss across the globe (Liu et al. (2019)). As warmer,
drier conditions persist in the western U.S. along with a projected increase in the frequency and severity of
wildfire (Westerling et al. (2011); Flannigan et al. (2009); Littell et al. (2018)), surface temperatures may
become a more important limiting factor in regeneration success (Bell et al. (2014); Enright et al. (2015);
Hankin et al. (2019)), and sites that currently experience temperatures suitable for post-fire recruitment
may be too warm to do so in the future (Davis et al. (2019a)).
This work represents an important step towards identifying inter-species variation in the environmental
boundaries for forest regeneration based on surface temperature. However, much remains unknown. Only
four species - Ponderosa pine, Douglas-fir, Engelmann spruce, and grand fir - dominate our experimental data.
These species occur in many of the mixed-conifer forests of the western U.S., and just two - ponderosa pine
and Douglas-fir - are the most widespread and commercially important conifer species in the western U.S.
Their representation in this dataset makes it more informative about West-wide forest response to elevated
surface temperatures, even though species that occur in more xeric environments, like Piñon pine, represent
a small proportion of total observations. While seedling response to surface temperature showed very little
inter-species variation (Fig.4, Fig.B .2), the exclusion of water stress in this analysis limits our ability to make
inference under in-situ conditions due to coupled water and heat stress. Although the latter explanation
seems plausible, we fit a statistical model with a predefined distribution that has very few parameters and
should be robust to sparse data. While this model is a promising start, it lacks representations of more xeric
conifer species, and more research is required to determine if conifer species across the western U.S. have
similar tolerances with respect to elevated surface temperatures.
There are other limits of this study that point to promising directions for future research. First, the
effects of seedling hardening are not accounted for here. Only one study repeatedly exposed the same
seedlings to higher surface temperatures, allowing for seedling hardening to possibly impact survival results
(Daubenmire (1943)). Those observations account for 6% of the data, and we do not account for that
experimental hardening in our analyses. This may impact the utility of lab or greenhouse studies compared
to field studies, as most seeds germinate in April and May and are subjected to gradually increasing surface
temperatures as the soil dries. In addition, all studies maintained well-watered soil during their experiments,
so the survival curves presented here may not transfer to field settings where soil moisture is limiting and
seedlings may not be able to avoid heat damage through transpirational cooling (Kolb and Robberecht
(1996)).
Other limitations of these data are technical, and stem from the age of this body of work. Surface
temperatures were measured with thermocouples or thermometer bulbs buried in the soil surface, which
are less accurate methods than a modern thermal imaging camera. This also makes it hard to determine
whether surface temperatures remained constant throughout the duration of experiments, as variations in
measured temperature resulting from the error associated with these devices could obscure actual changes
in surface temperature. Our model suggests that this may be the case in (Daubenmire (1943)), which is
associated with much higher survival outcomes at extreme temperatures than any other study (Fig.B .2).
These technical limitations point to a need for experiments using more accurate methods of measurement
on a wider range of species, in both the lab and field. The model presented here can inform future research,
without which the general response of western U.S. conifers to changes in surface temperature intensity and
duration remains unclear.
Overall, this research helps elucidate the mechanisms that may be responsible for the susceptibility of
forests to regeneration failure at drier, lower-elevation limits of their current ranges, driving changes in
forest extent and composition across the western U.S. (Simeone et al. (2019); Davis et al. (2019a); StevensRumann et al. (2018); Dobrowski et al. (2015); Donato et al. (2016); Wolf et al. (2021)). Lethal surface
temperatures may occur more frequently in drier, hotter post-fire landscapes in the coming decades (Liu
et al. (2019)), where surface temperature can serve as a valuable source of information when predicting forest
regeneration. Surface temperature is a valuable indicator of the risk of regeneration failure as it has wellunderstood consequences for seedling survival, and this work suggests there is little inter-species variation in
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seedling response to surface temperature. Moreover, surface temperature measurements by Earth-observing
satellites can be incorporated into ongoing monitoring frameworks and mapped easily across landscapes.
Going forward, soil surface temperatures have great potential as an intuitive metric of mortality risk for
seedlings under a warming climate.
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Chapter 2
Using an ecohydrologic model to investigate soil surface temperature,
microclimate buffering, and forest regeneration potential across the western
United States

Abstract
Changes in forested landscapes in coming years will be the product of complex interactions between
climate, hydrology, and vegetation at multiple temporal and spatial scales. Post-disturbance dynamics
have large consequences for the function and structure of forested ecosystems in the western United States,
making it important that we can accurately represent these biophysical actors and their consequences.
Most studies of forest persistence and regeneration have relied on empirical models that cannot represent
the underlying dynamics of tree growth and mortality or extrapolate to novel spatial and temporal
domains. Here, we evaluate the skill of a process-based ecohydrologic model at predicting an intuitive
metric of climate risk to seedlings: soil surface temperature (SST). SST is a measure of the temperature
at the Earth’s surface: it is governed by net radiation and soil moisture, has strong effects on seedling
mortality, and can be remotely sensed. Therefore, it is a key variable in many studies of how vegetation,
hydrology, and climate interact. We investigate patterns of SST with respect to observed thresholds of
seedling mortality, and quantify the effect of canopy cover in moderating SST values to demonstrate
constraints on forest persistence and regeneration under a changing climate.
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1

Introduction

Forests are critical ecosystems for natural climate solutions and for addressing biodiversity losses. Forests
cover about 31% of Earth’s total land area (Keenan et al. (2015)), provide about 75% of terrestrial gross
primary production (GPP) (Beer et al. (2010)), and house the majority of terrestrial biodiversity (Pan et al.
(2013)). They play a critical role in global cycling of water, energy, and nutrients and can potentially serve as
a large carbon sink with which to mitigate climate change impacts (Bonan (2008); Luyssaert et al. (2008)).
Hotter, drier climate conditions are acting to alter the current and potential distribution of forests worldwide
(Allen et al. (2010b); Bastin et al. (2019b)), with potentially large feedbacks on Earth’s climate system
(Alkama and Cescatti (2016)). Understanding the drivers behind changing forest extent and composition,
and predicting such shifts into the future, is an area of critical research.
Since forests are dominated by long-lived woody vegetation that is often in disequilibrium with local
climate conditions (Bertrand et al. (2016); Svenning and Sandel (2013)), disturbances play a critical role
in mediating forest response to climate change, often accelerating forest turnover (Overpeck et al. (1990);
Thom et al. (2017); Stevens-Rumann et al. (2018); Calder and Shuman (2017); Crausbay et al. (2017)). For
example, in semi-arid landscapes like the western United States, patterns of recurring wildfire and recovery
are important in establishing landscape dynamics (Johnstone et al. (2016)). Western wildfires are expected
to become more frequent and severe in the coming decades (Westerling et al. (2011); Littell et al. (2018);
Flannigan et al. (2009)), and forests may become even more vulnerable to these disturbances as climate
change increases water and heat stress (Allen et al. (2015); Anderson-Teixeira et al. (2013); McDowell and
Allen (2015)), accelerating ecosystem transitions.
There is evidence of this dynamic already underway in the western U.S., where post-disturbance landscapes at the drier, hotter edges of current species ranges are unsuitable for regeneration, facilitating conversions from forest to non-forest (Savage and Mast (2005); Coop et al. (2016); Donato et al. (2016); Davis
et al. (2019a); Walker et al. (2018); Parks et al. (2019); Stevens-Rumann et al. (2018); Simeone et al. (2019);
Turner et al. (2019)). In these temperate and semi-arid systems, studying the growth and mortality of adult
trees captures shorter-term processes that influence the current extent of forests. But the biophysical processes that influence regeneration determine the climatic boundaries for population persistence and expansion
(Martı́nez-Vilalta and Lloret (2016); Petrie et al. (2017); Hankin et al. (2019)). Thus, post-disturbance regeneration patterns can determine the successional trajectories of forested ecosystems for decades or centuries
(Braziunas et al. (2018)). Understanding post-disturbance environmental conditions, and how they impact
seedling recruitment and subsequent regeneration, is critical to predicting future shifts in forest extent.
A focus on forest regeneration requires consideration of the post-disturbance landscape experienced by
tree seedlings. Disturbances not only alter the structure and composition of forest vegetation (Thom et al.
(2017); Seidl et al. (2014); Crausbay et al. (2017)), but they change the surface energy balance of ecosystems
(Liu et al. (2019); Cooper et al. (2017); Maness et al. (2013)). Forest loss changes both the energy and
water balance, but regional-scale studies in the western United States and Canada suggest that forest loss
induces surface warming effects, with inter-regional variation in the strength and longevity of this effect
due to various factors such as existing vegetation type or disturbance characteristics (Maness et al. (2013);
Cooper et al. (2017)). As discussed above, post-fire regeneration failure in the western U.S. is already evident
at the hot and dry edges of current species ranges. Thus, characterizing elements of the energy and water
balance of post-fire environments can provide us with an indication of climate risk to seedlings that will
meaningfully impact seedling recruitment and subsequent regeneration success.
One environmental metric that integrates both the water and energy balance at a site is soil surface
temperature (SST). SST is a measure of the energy balance at the Earth’s surface, and is governed by net
radiation and soil moisture (Mildrexler et al. (2011); Jin and Dickinson (2010)). Land cover, soil moisture
content, evapotranspiration rates, albedo, and other environmental factors impact SST (Mildrexler et al.
(2011); Jin and Dickinson (2010); Li et al. (2015, 2016)), and it is a critical variable in many studies of how
vegetation, climate, and hydrology interact. These dynamics are evident in post-disturbance accountings
of surface radiative budgets, where a loss of forest cover leads to reductions in latent-heat flux, and energy
that previously was used to evaporate water now heats the soil surface (Maness et al. (2013)). This holds
true across different forest ecosystems - disturbances that reduce forest cover consistently lead to increased
surface temperatures (Maness et al. (2013); Cooper et al. (2017); Liu et al. (2019); Alkama and Cescatti
(2016)).
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Figure 6: Illustration of the difference between land surface temperature (LST) and soil surface temperature.
Satellite-observed metrics are represented with blue markers, while the red marker denoting SST is unobservable by satellite. In forested areas, satellite observations of LST measure canopy surface temperature,
while in unforested areas they are equivalent to soil surface temperature. Both canopy surface temperature
and understory soil surface temperature are lower than unforested surface temperatures.
We posit that SST is a useful indicator of seedling success and subsequent forest regeneration that
captures the hydrologic and climatic conditions experienced by seedlings. Young seedlings are extremely
sensitive to elevated surface temperatures, as first year germinants do not have well-developed bark or access
to deep groundwater reserves, and heat conducted from the soil surface can cause irreversible damage to
enzymes and proteins in the protoplasm and cell membranes, leading to stem damage and death (Gates
(2012)). High surface temperatures have been recognized as a direct cause of seedling mortality since the
early 20th century (Hartley (1918)), and increasing soil surface temperature serves as a reliable indicator of
seedling survival probability in common conifers of the western U.S. (Rank and Dobrowski (2021)).
Land surface temperature (LST) is related to SST as it is a radiometric measure of temperature at
the Earth’s surface. Importantly, LST can be observed via satellite. This allows analysis of LST and
disturbance dynamics at multiple temporal and spatial scales (see Liu et al. (2019) for an example of global
analysis, and Cooper et al. (2017) for a regional analysis). These studies, however, are limited to empirical
observations of LST post-disturbance, and are unsuited to predicting regeneration success in novel temporal
or spatial conditions. When using LST as an indicator of forest regeneration potential (i.e. the likelihood of
regeneration at a site after a hypothetical post-disturbance reduction in forest cover), satellite retrievals of
LST pose a problem, as they measure radiative temperature at the canopy surface in forested areas (Fig.6).
In contrast, SST is a metric of temperature at the soil surface. SST and LST are equivalent in open areas,
but understory buffering effects generally decouple LST and SST in forested areas (Fig.6). To extrapolate
risks to seedlings due to high surface temperatures in novel spatial or temporal conditions, researchers need
mechanistic models that can predict SST based on robust physiological processes and hydraulic function.
Here, we take advantage of the equivalence of LST and SST in open areas to evaluate the performance
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of one such model, the spatially explicit, ecohydrologic model Ech2o (Maneta and Silverman (2013)), at
reproducing observed patterns of SST in test catchments distributed across the western U.S. We use Ech2o
simulations to examine spatial patterns of SST with respect to observed thresholds of conifer mortality, and
we quantify the role of canopy cover in buffering SST values in the forest understory. We aim to investigate
the role of forest cover in moderating SST and its implications for forest persistence over the landscape in
the western U.S.

2

Methods

In order to assess the performance of Ech2o, we ran model simulations in 51 sample catchments across
the western US that represented a broad range of topographic, climatic, and vegetation patterns in relatively
undisturbed conditions. Ech2o allows us to simulate a time series of SST for each pixel represented in our
simulation. We ran simulations for sites in which overstory tree cover was absent, allowing us to simulate
what SST conditions would be like at a site after a stand replacing disturbance. We then compared these
SST simulations to observed time series of satellite-derived LST. As discussed above, SST and LST are not
the same metric, although we would expect their behavior to closely track each other. However, to ensure
that we were validating Ech2o against an appropriate observational metric, we used LST observations from
nonforested portions of our study area.

Figure 7: Spatial distribution of test catchments, as well as time series of modelled and observed SST values
in four sample basins in 2003, the first year of our model simulation.

2 .1

Study Catchments

Our 51 study catchments were selected from the GAGES II dataset (Falcone, James A. (2011)), which
includes 9,322 stream gages maintained by the U.S. Geological Survey (USGS). We specifically chose reference
catchments from GAGES II, as they represent natural, unimpeded catchments with 20 years of complete and
continuous flow records. These conditions match the system states that Ech2o can represent. Of these 2,057
reference catchments in the GAGES II dataset, we randomly selected 51 basins with a mean Vegetation
Continuous Field (VCF) value of 25-75% to limit computational time and ensure we capture catchments
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that show transitional ecotones between forest and non-forest (Fig.7). The mean size of our test catchments
was 73 km2 - the smallest was 8 km2 while the largest was 188 km2 .

2 .2

Ecohydrologic Model

We employed the spatially explicit ecohydrologic model Ech2o (Maneta and Silverman (2013)) to predict
SST in all test catchments. Ech2o couples a 2-layer vertical energy balance scheme, a hydrologic model
with lateral and vertical water redistribution, and a vegetation growth component. These components are
connected via shared variables that represent local processes or states of the model. A comprehensive
description of Ech2o can be found in Maneta and Silverman (2013), Lozano-Parra et al. (2014), and Kuppel
et al. (2018), and we provide a list of model parameters and climate drivers and their descriptions in Appendix
C. Here, we provide a brief summary of key model processes and drivers.
Ech2o climate drivers include incoming precipitation, shortwave radiation, incoming longwave radiation,
temperature, relative humidity, and wind speed. Precipitation inputs are partitioned into rain or snow
based on a temperature threshold of 1C and intercepted by the canopy based on a linear bucket approach.
Precipitation that is not intercepted is accumulated in the snowpack or as ponded water that can become
overland flow or infiltrate into the soil. The soil is partitioned in three hydrologic layers, and lateral subsurface
flow in the bottom-most soil layer follows a 1D kinematic wave model with the subsurface gravitational
gradient parallel to surface topography. Overland flows and subsurface runoff that reach the stream channel
network are routed using a 1D solution of the kinematic wave for open channel flow.
At each time step, Ech2o solves a 2-layer vertical energy balance that represents the canopy and surface
layers. Incoming radiation is either absorbed, reflected, or transmitted through the canopy to reach the
surface. Radiation that is absorbed by the canopy can either be emitted as longwave radiation back to the
atmosphere or toward the surface, or dissipated as sensible or latent heat. Latent heat flux from the canopy
includes both evaporation of intercepted water and plant transpiration. Radiation that reaches the surface
can either be absorbed or reflected, depending on the albedo of the surface. Energy absorbed by the surface
can be emitted as longwave radiation, dissipated by warming the snowpack, exchanged with the atmosphere
as sensible or latent heat, or exchanged with the ground as ground heat. Latent heat flux from the surface
includes evaporation from the topsoil and condensation.
Energy and water processes are mediated by properties of the vegetation (e.g. canopy albedo, transpiration rate). The vegetation growth component of Ech2o is is based on the 3-PG model (Landsberg and
Waring (1997)) and includes carbon uptake, carbon allocation, leaf and root turnover, and tree growth. Carbon allocation is influenced by hydrologic and energy stress, and tree structure is determined by allometric
relationships. The forest growth module depends on a multiplicative function that relates gross primary
production (GPP) of a specific vegetation type to the amount of photosynthetically active energy and the
amount of transpired water that occurs over a time step. Ech2o extends on the framework of Landsberg and
Waring (Landsberg and Waring (1997)) by explicitly representing transpiration when calculating GPP.

2 .3

Model Calibration

The water balance of Ech2o is heavily influenced by soil parameters defined in the model. To ensure that
the model correctly captured water balance dynamics, we calibrated soil parameters to (1) daily mean-field
soil moisture from satellite retrievals (Soil Moisture Active Passive satellite, ‘SMAP’) and (2) daily gauged
streamflow (US Geological Survey, https://waterdata.usgs.gov/nwis/rt). These two hydrological metrics
ensured that Ech2o jointly simulated realistic hydrological dynamics for soil water and catchment discharge,
which typically have different temporal patterns of discharge/recharge and integrate different hydrological
information into observed time series. Model parameters were not calibrated with regard to SST.
The geospatial basin polygons, and corresponding streamflow gauge coordinates, were obtained from
(Falcone, James A. (2011)) and were used as a mask to extract relevant input data for conducting simulations.
The following set of 9 hydrological parameters were identified a priori for calibration: effective soil saturation,
air entry pressure, pore size distribution, depth of soil layer 1, depth of soil layer 2, depth to bedrock,
seepage from subsurface to channel to fine-tune subsurface-channel interactions, channel resistance to flow,
and maximum stomatal conductance.
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For the technical implementation of calibration, we ran a Latin Hypercube Sampling procedure (Iman
(2014)) to create unique parameter sets for the 9 model parameters. We ran 1,000 simulations per basin
and applied a multi-criteria quantile selection procedure to identify the top 30 performing models in terms
of the lowest time-series joint-errors as compared to mean-field soil moisture (metrics: absolute mean bias,
percent error of standard deviation, percent error of range) and streamflow (metric: Kling-Gupta Efficiency,
KGE). The multi-criteria quantile selection procedure helped identify a set of model parameters that was
generalizable and not over-calibrated to the reference data.

2 .4

SST Predictions

Using these calibrated soil parameters, we ran Ech2o to predict 3-hourly estimates of SST in the growing
season (April through August) over a 15-year period from 2003 to 2017. Climate drivers (shortwave radiation,
incoming longwave radiation, temperature, and relative humidity) were obtained from CONUS daily 250
meter resolution grids (Holden et al. (2018)), and wind speed was held constant at 1 m/s. Precipitation
inputs were obtained from daily, 4km PRISM gridded data (http://prism.oregonstate.edu) and resampled
using bilinear interpolation. Spatial data processing of model outputs, and satellite observations, as well as
the following statistical analyses, were performed in R version 4.0.3 (R Core Team (2020)).
To assess the skill of Ech2o at reproducing surface temperature dynamics, we compared time series of
basin-wide mean SST estimates to basin-wide mean MODIS AQUA LST observations (Wan Z. (2015)) in nonforested portions of test catchments. (Hereafter, we refer to all modeled and observed surface temperature
estimates as SST, since we are exclusively considering non-forested areas (Fig.6).) MODIS Vegetation
Continuous Fields (VCF) (DiMiceli C. Carroll M. Sohlberg R. (2015)) data were used to classify forested and
non-forested basin pixels, using a VCF threshold of 10% to denote forest cover, following common practice
at the United States Forest Service (USFS). MODIS SST observations are retrieved daily at 1:30pm, which
we compared to daily model estimates of SST at 12:00pm and 3:00pm, as well as the average between those
two time steps.
To assess error between the two time series, we calculated the mean absolute error (MAE) between
Ech2o and MODIS for (1) the date of maximum temperature, (2) value of maximum temperature, and (3)
temperature range. To reduce the effect of outliers on MAE calculations, we used the 95th percentile values
of these time series to define the ‘maximum’. Beyond the 95th percentile, the quartile chosen to calculate
MAE did not exhibit a statistically significant impact on model performance (Fig. E .1). We also evaluated
whether Ech2o displayed any bias in its SST predictions by calculating the difference between MODIS and
Ech2o basin-wide mean SST at every time step of our simulation.
Finally, we explored the impacts of forest cover and topography on Ech2o SST simulations. From 3hourly model time series, we identified the 15-year maximum SST value for each pixel in our catchment
simulations, then compared the distribution of maximum SST in forested and unforested pixels across all
catchments. Using these 15-year maximum SST values for each pixel, we also calculated the proportion of
pixels that exceeded 52◦ C during the simulation period, within each basin and across all basins, as this is
widely considered the temperature signifying the onset of seedling mortality (Helgerson (1989); Kolb and
Robberecht (1996)). These proportions were calculated for forested and unforested pixels separately.
We also examined the effect of forest cover on maximum SST by pairing pixels of similar physiographic
characteristics but differing VCF values, then calculating the difference in maximum SST between these
paired pixels. Pixels were classified as similar based on four characteristics: a difference in elevation not
exceeding 50 meters, a difference in aspect not exceeding 30 degrees, a difference in Topographic Position
Index (TPI) not exceeding 10 meters, and a difference in climatic water deficit (CWD) not exceeding 25mm.
All pixels were then randomly paired with other pixels that met these criteria, and the maximum SST of
the pixel with the lower VCF was subtracted from the pixel with the higher VCF. We classified the VCF
differences between pixels in 10% increments, and performed a linear regression to quantify the response of
the average magnitude of difference in SST by these classified VCF differences.
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Figure 8: The average difference between Ech2o and MODIS SST values in all test catchments for (a) Ech2o
12:00pm estimates, (b) Ech2o 3:00pm estimates, and (c) an average of Ech2o 12:00pm and 3:00pm estimates.
Density plots show the distribution of basin-wide mean SST differences at a daily time step over the 15-year
simulation. Negative values denote an underestimation of SST by Ech2o.

3

Results

Overall, time series evaluation showed that Ech2o had skill at reproducing SST dynamics over our 15-year
period of study (see. Fig.7 for examples). Over the entire 15-year period, Ech2o slightly underestimated
SST on average, with the exception of the 3:00pm time step estimates (Fig.8). This was expected, as the
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1:30pm overpass time of MODIS will capture a hotter part of the day than our 12:00 Ech2o time step. The
average difference between basin-wide mean Ech2o simulations and MODIS SST observations was -2.7 (+-8.3
SD)◦ C for the 12:00pm time step, with an underestimation in 34/51 basins. For the 3:00 pm time step, we
saw a difference of 0.46 (+-8.6 SD)◦ C, with an underestimation in 27/51 basins. Averaged SST estimates
between the 12:00 pm and 3:00 pm time steps showed an average difference of -1.6 (+-8.5 SD)◦ C, with an
underestimation in 32/51 basins.
We assessed the ability of Ech2o to capture three important characteristics of a time series that are
important for predicting seedling mortality: the seasonal peak (or date of maximum temperature), the
seasonal maximum, and the seasonal range. In addition to serving as valuable agreement metrics, these time
series traits are important for predicting seedling mortality given that high SST values over short periods
of duration can kill young germinants (Rank and Dobrowski (2021)). In these three measures of time
series error, Ech2o and MODIS agreement suggested excellent model performance (Fig.9). The MAE of the
seasonal peak between Ech2o and MODIS across all basins was -0.06 (+-11.6 SD) days. The average MAE of
maximum temperature across all basins was 0.19 (+-7.18 SD)◦ C, and the average MAE of temperature range
was -2.67 (+-5.20 SD)◦ C. We found no clear spatial pattern in model performance (Fig.8,9). In addition,
the mismatch between model time steps and MODIS overpass time did not have a significant impact on the
three metrics of time series error, although it made the largest difference for the MAE of seasonal maximum
(Fig.E .2).
We did find a clear spatial pattern in the proportion of catchment pixels that exceeded the 52◦ C lethal
threshold. A majority of area (58% of all pixels) in catchments located in the Southwest and California
exceeded this threshold, regardless of whether they were forested or unforested (Fig.10a,b), although a
higher proportion of unforested pixels (70%) exceeded 52◦ C compared to forested pixels (53%). In contrast,
a small minority of the area (10% of all pixels) in catchments across the Rockies and Northwest exceeded the
52◦ C temperature threshold. Similarly to the Southwest and California, a higher proportion of unforested
pixels (16%) than forested pixels (9%) reached 52◦ C (Fig.10a,b).
In investigating the buffering effect of different VCF values on SST differences between physiographically
similar pixels, we found a negative, linear relationship between canopy cover class and mean SST difference.
Our linear regression resulted in an intercept of −0.39 ± 0.30 (p = 0.2) and a slope of −0.66 ± 0.07 (p < 0.05),
and explained 95% of the variance in mean SST differences with 5 degrees of freedom (Fig.11).

4

Discussion

Given the complex, interacting drivers of soil surface temperature, it is encouraging that a process-based
model not specifically calibrated to temperature observations is able to capture SST dynamics over a diverse
set of catchments. Indeed, patterns of SST post-disturbance often exhibit substantial regional variation
(Cooper et al. (2017); Liu et al. (2019)), and this study indicates that mechanistic models based on robust
representations of physical processes are well positioned to represent this variation and its potential impacts
on forest regeneration. Post-disturbance increases in SST can also vary substantially with the nature of
disturbance (i.e. spatial extent, patchiness, level of canopy loss) (Cooper et al. (2017); Maness et al. (2013)).
As this work demonstrates, mechanistic models can accurately represent water and energy balance dynamics,
providing a useful tool for investigating the potential ecological impacts of future disturbances.
Previous research has shown that forests modify local climate, acting to buffer climate extremes in the
understory of mature trees (Davis et al. (2019b); Zellweger et al. (2020); Frey et al. (2016)). Our simulations
reflect this dynamic, as the mean estimated 15-year maximum SST was lower in forested (47.5◦ C) than in
unforested (51.6◦ C) pixels, and a higher proportion of unforested pixels reached temperatures known to be
lethal to tree seedlings (Fig.10c). These patterns emerge when aggregating SST simulations across our entire
study domain, suggesting that canopy cover modulates differences in SST across a wide range of ecosystems.
However, we ignore regional variation when choosing a single threshold for lethal temperatures over a
large geographic domain and a variety of vegetation types. This may explain the high proportion of forested
areas in the southwest that exceed our lethal threshold (Fig.10a). Local adaptation may result in a higher
lethal temperature threshold in the southwest than the one used in this paper. In addition, we do not
account for temporal variation in surface temperature over our 15-year study period. By using maximum
temperature to denote a single lethal threshold over a 15-year period, we do not account for consecutive
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Figure 9: Maps show basin MAE between Ech2o and MODIS for (a) the date of maximum temperature, (b)
the value of maximum temperature, and (c) the range of temperature. Density plots show the distribution
of error metrics across all basins.
years of cooler temperatures that would allow for a cohort of trees to establish on the landscape. One
last simplification of this analysis is the exclusion of September temperatures, which may still reach lethal
thresholds for seedlings.
When we investigate temperature buffering in physiographically similar pixels across a range of canopy
cover values, higher forest cover results in a larger temperature buffering effect on average (Fig.11). The
slope of our linear relationship that we find between canopy cover increment and SST differences between
pixels suggests that for every 10% increase in canopy cover there is a 0.66◦ C decline in SST. Thus, we could
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Figure 10: Aerial proportion of (a) forested and (b) unforested pixels in which maximum SST over a 15-year
simulation period exceeds 52◦ C in each study basin. Panel (c) shows the distribution of maximum SST in
all pixels, as well as the proportion of each distribution that falls over the 52◦ C threshold.
expect a 6.6◦ C decline from 100% forest cover to 0% forest cover across the entire simulation domain. The
size of this effect is consistent with other investigations of forest buffering effects (Zellweger et al. 2020).
Ech2o can reproduce these effects from a mechanistic standpoint, enabling future research into the vegetative,
hydrologic and climatic drivers behind forest microclimatic buffering.
Since forest microclimate buffering is sensitive to local water balance and canopy cover (Davis et al.
(2019b)), the coupled vegetation and water balance components of Ech2o can be useful investigative tools.
A recent regional analysis in the northwestern U.S. (Davis et al. (2019b)) found that maximum temperatures
in areas under at least 50% forest were 5.3◦ C lower, on average, than areas without canopy cover, and
that areas with more available water will exhibit larger buffering effects. When we ignore differences in
physiographic characteristics and simply average 15-year maximum SST values for every pixel across our
domain, we find that the maximum SST reached in pixels with at least 50% forest cover is 4.4◦ C lower, on
average, than pixels without forest cover. This reflects the influence of drier systems in the Southwest and
California that reduce the overall buffering effect simulated by Ech2o. However, our regression model does
account for differences in physiographic characteristics that impact the local water balance and predicts an
increase in buffering effect of 0.66◦ C for every 10% increase in forest cover. When we apply this increase
to differences in forest cover of at least 50%, Ech2o shows a buffering effect of 5.7◦ C on average (Fig.11),
consistent with previous findings from the northwest.
As shown here, Ech2o seems to reproduce forest buffering effects that are consistent with other research
in the western U.S (Davis et al. (2019b); Li et al. (2015)). However, while we were able to assess the skill
of Ech2o at reproducing SST dynamics in unforested areas, we do not have the data to perform the same
validation in forested areas. Satellite retrievals of forested areas can only observe LST, which captures canopy
surface temperature rather than understory soil surface temperatures. Care should be taken to ensure that
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Figure 11: Differences in SST between randomly paired, physiographically similar pixels across all study
basins. Differences are calculated by subtracting the SST of the pixel with lower canopy cover from the pixel
with higher canopy cover. Pixel pairs were selected to ensure that elevation was within 50 meters, aspect was
within 30 degrees, climatic water deficit (CWD) was within 50mm, and Topographic Position Index (TPI)
was within 10 meters. Negative values indicate a buffering effect of forest cover (SST in forested areas is
lower than in topographically comparable nonforested areas). Boxplots show medians, and the red line shows
a linear regression between mean SST differences and VCF differences (intercept = −0.84 ± 0.42SE, p = 0.1;
slope = −0.47 ± 0.093SE, p < 0.05). The blue, shaded area behind the regression line represents model
standard error.
simulations can reproduce understory dynamics as well as unforested dynamics.
Field surveys and laboratory SST exposure tests have shown that surface temperatures from 52◦ C to
◦
66 C signify the onset of seedling mortality in conifer seedlings of the western U.S. (Helgerson (1989); Kolb
and Robberecht (1996); Rank and Dobrowski (2021)). In our simulations, basin-wide unforested mean SST
values rarely reached this lethal range. This is not surprising, as aggregating surface temperatures will
necessarily dampen any extreme values. However, if SST values are disaggregated, 53% of unforested pixels
in all basins reached a temperature at or above 52◦ C over the 15-year simulation (Fig.10c). In the Southwest
and California, 58% of pixels exceeded this threshold regardless of forest cover (Fig.10a, b). This work
suggests that SST contains meaningful information about the environmental conditions suitable for forest
persistence.
Further work will be required to assess whether Ec2ho SST estimates will provide a suitable indicator
of forest regeneration risk. Given that vegetation cover exerts strong controls on SST (Liu et al. (2019);
Alkama and Cescatti (2016); Jin and Dickinson (2010)), mechanistic models like Ech2o that can project
different successional pathways and their impact on the surface energy and water balance. Additionally, this
work provides a foundation for ongoing studies aimed at understanding biophysical constraints on conifer
regeneration in western US forests.
The flexibility of Ech2o and other process-based models that can represent potential post-disturbance
environmental conditions has useful implications for forest managers as well. Due to recent increases in the
extent of fire in forested landscapes of the western U.S. - with further increases projected in the coming
decades (Littell et al. (2018); Westerling et al. (2011); Flannigan et al. (2009)) - federal and state agencies
are struggling to meet reforestation demands. Many managers rely on costly post-planting monitoring data
to measure the efficacy of reforestation efforts. This only provides a post-hoc assessment of recruitment
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success that cannot anticipate the probability of natural regeneration or generalize to new sites or future
disturbance and climate conditions. Under the stresses of limited time and resources, forest managers will
require tools that efficiently target reforestation efforts to sustainably manage forest ecosystems. Processbased predictions of regeneration suitability after future disturbance can provide one such useful planning
tool.
Changes in forested landscapes in coming years will be the product of complex interactions between
climate, disturbance, and management acting at multiple temporal and spatial scales. Post-disturbance
dynamics have big consequences for the function and structure of forested ecosystems globally, making it
important that we can accurately represent these biophysical actors and their consequences. This challenge
will require models that represent multi-scale processes and can extrapolate them to novel spatial and
temporal domains. It will also require metrics of climate risk with clear consequences for seedling mortality.
Here we have shown that a spatially explicit, ecohydrologic model can skillfully reproduce the basin-wide
dynamics of SST over long periods of time, and demonstrated the buffering effects of forest canopies from
a first-principles perspective. Mechanistic predictions of surface temperatures have great potential as an
intuitive metric of mortality risk for seedlings that we can leverage to model constraints on post-disturbance
regeneration and forest persistence going forward.
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Supplementary Material
Appendix A
Here we provide additional details about our survival analysis and the construction of a Weibull proportional hazards model based on seedling survival data from our literature search. We also review the
performance of this survival model against the performance of our final logistic model.

A .1

Proportional Hazards Model

The experimental data used in Chapter 1 come from studies designed in a similar fashion to a clinical
trial - a treatment (LST intensity) was applied to a population of seedlings for a known length of time, and
survival was measured at varying time intervals. Importantly, these experiments resulted in right-censored
observations, or populations of seedlings that did not experience complete mortality during the period of
observation. To leverage these data, we performed a survival analysis, a class of statistical models commonly
used in clinical studies or studies of mechanical failure which focus on the expected duration of time until
an individual experiences some event of interest. In this analysis, we define an ”individual” as a population
of seedlings in the same experimental treatment (i.e., with the same applied surface temperature), and an
”event” as the complete mortality of that population.
Species

Number of
Observations

Pseudotsuga menziesii
Pinus ponderosa
Picea engelmannii
Abies grandis
Pinus radiata
Abies lasicarpa
Pinus edulis

135
84
80
48
10
5
5

Minimum
Temperature Treatment (◦C)
25.9
25.9
25.9
48.8
48.9
40
40

Maximum
Temperature Treatment (◦C)
66.7
62.8
62.8
62.8
54.5
60
60

Minimum
Exposure
Duration
(Minutes)
1
1
1
1
1
360
360

Maximum
Exposure
Duration
(Minutes)
610
360
360
300
15
360
360

Table A .1: Summary of data obtained for each of the eight species studied in Chapter 1.
There are three key variables in survival analysis: the hazard rate, the cumulative hazard, and the
survival probability, which share a one-to-one relationship with each other. The hazard rate, hi (t), is the
instantaneous rate of occurrence of an event (here, complete seedling mortality) at time t, and is defined as
P (t ≤ Ti∗ < t + ∆t | Ti∗ > t)
∆t→0
∆t

hi (t) = lim

(2)

where Ti∗ is the true mortality time for seedling population i(i = 1, ..., N ) and ∆t is some time interval.
Here, the numerator describes the conditional probability of a seedling population experiencing complete
mortality during the time interval [t, t + ∆t], given that it was still at risk of mortality at some time t, while
the denominator converts this probability to a rate per unit time. As ∆t approaches zero, the instantaneous
mortality rate is obtained. The cumulative hazard is then defined as
Z t
Hi (t) =
hi (u)du
(3)
u=o
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To obtain the survival probability for seedling population i at time t, the quantity of interest in this
analysis, one exponentiates the negative cumulative hazard:
Z t
Si (t) = exp(−Hi (t)) = exp( −
hi (u)du )
(4)
u=o

Going forward, we will write all model equations in terms of the hazard rate. Resulting survival probabilities were derived from these equations using the relationships just described.

Figure A .1: Comparison of results from a repeated k-fold cross-validation of the Weibull proportional hazards model and
the logistic model.

The above formulations apply broadly to all survival analyses. As we were interested in analyzing how the
survival probability of a seedling population is impacted by a covariate, surface temperature, we implemented
a proportional hazard model,
hi (t) = h0 (t) exp(ηi )

(5)

where h0 (t) is the baseline hazard (or the hazard rate for an individual when all covariates are set equal
to zero) and ηi is a linear predictor evaluated for individual i. The specific distributional assumption for the
baseline hazard effects how the hazard changes as a function of time. We chose a Weibull distribution, as it
is common in studies of plant mortality. Following the formulation used by (Brilleman et al. (2020)), we use
scale parameter λi = exp(ηi ) and shape parameter γ > 0, defining the hazard rate for individual i at time t
using the regression model
hi (t) = γ tγ−1 λi = γ tγ−1 exp(ηi )

(6)

where ηi is a linear predictor incorporating the covariate effect (here, the covariate is surface temperature),
which consists of an intercept term β0 , a covariate coefficient β, and the surface temperature value for
individual i, Xi . Thus, we can expand the Weibull proportional hazards equation to
hi (t) = γ tγ−1 exp(β0 + βXi )

(7)

Posterior distributions of model parameters were estimated with the No-U-Turn Sampler (NUTS), a
specific Hamiltonian Monte Carlo (MCMC) sampling scheme employed by RStan (Stan Development Team
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Figure A .2: Density of 100 posterior predictive draws (yrep) compared to observed data (y) from the survival
model.

Figure A .3: Histograms of randomly selected individual posterior predictive draws (yrep) compared to
observed data (y) from the survival model.
(2020)), in which information about the gradient of the log posterior is used to converge quickly on highdimensional target distributions (Hoffman and Gelman (2014)). Our model predicts survival for an individual
(seedling) that belongs to a group (species) (Table A .1). To account for the differences between groups, we
use a multilevel prediction framework, including clustering effects by species when estimating the posterior
distribution of the intercept parameter, β0 .
We follow the multilevel estimation framework employed by rstanarm (Goodrich et al. (2020); Brilleman
et al. (2020)), where D = {Dij ; i = 1, ..., Nj , j = 1, ..., J} denotes the entire collection of outcome data in our
sample and Tmax = max{Tij , TijU , TijE ; i = 1, ..., Nj , j = 1, ..., J} denotes the maximum event or censoring
time across all individuals in our sample. For some individual i∗ (who may or may not have been in our
sample), who is known to come from cluster j ∗ (which may or may not have been in our sample), we have
covariate vectors xi∗ j ∗ and zi∗ j ∗ . The covariate data is assumed to be time-fixed. If individual i∗ does come
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from a cluster j ∗ = j (for some j ∈ {1, ..., J}) in our sample then the predicted probability of being event-free
at time 0 < t ≤ Tmax , denoted Si∗ j (t), can be estimated from the posterior predictive distribution as follows:
p(Ŝi∗ j (t) | xi∗ j , zi∗ j , D) = p(Ŝi∗ j (t) | xi∗ j , zi∗ j , Θ, bj )p(Θ, bj | D)dbj dΘ

(8)

Since cluster j was included in our sample data, we approximate this posterior predictive distribution
(l)
(l)
by drawing from p(Ŝi∗ j (t) | xi∗ j , zi∗ j , Θ(l) , bj ), where Θ(l) and bj are the lth (l = 1, ..., L) MCMC draws
from the joint posterior distribution p(Θ, bj | D).

Figure A .4: Posterior distributions of all three model parameters from the survival model. Intercept
parameter β0 is the mean intercept across species. Solid line is the mean parameter value, while dashed lines
represent 95% credible intervals

A .1.1

Model Convergence and Fit

We evaluated the convergence of Markov chains by visually inspecting plot traces and using Gelman
Rubin R-hat statistics (values < 1.1). Model fit was assessed by repeated k-fold cross-validation and a
visual posterior predictive check. The average test MAE score from our k-fold cross-validation procedure
was 0.048, and the average test MSE scores was 0.34 (Fig.A .1. Since MAE and MSE are calculated by
subtracting predicted survival from observed survival, our model is underestimating survival on average.
Posterior predictive distributions roughly followed the distribution of observed values, with observations
clustered around 0 and 1 (Fig.A .2). However, individual draws appear to capture either one extreme or the
other, not both (Fig.A .3), with a higher density of posterior predictive draws heavily weighting low survival
probabilities (Fig.A .2). Our the model will be biased towards higher or lower survival values depending on
the specific parameterization drawn from the posterior distribution, but with a relatively large bias towards
underestimation of survival (Fig.A .1).
A .1.2

Model Parameters

The Weibull shape parameter γ converged on a mean of 0.8 with a 95% credible interval from 0.69 to
0.83; the coefficient covariate β converged on a mean of 0.2 with a credible interval from 0.13 to 0.18; and
the pooled intercept parameter converged on a mean of -13.4 with a credible interval from -15.73 to -11.26
(Fig.A .4), while mean intercept values for the eight species-specific posterior distributions varied from -15.9
to -9.6 (Fig.A .5). The four species with a higher number of observations (P. ponderoda, P. menziesii, A.
grandis, and P. engelmannii ) are clustered together close to the mean value for β0 , while the four with scarce
data (P. contorta, P. radiata, A. lasiocarpa, and P. edulis) diverge from this pooled distribution (Fig.A .5).
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Figure A .5: Posterior distribution of the intercept term β0 in the survival model. The black line is the mean parameter
distribution, while colored density curves are species-specific intercept distributions for Abies grandis (ABGR), Abies lasiocarpa
(ABLA), Pinus contorta (PICO), Pinus edulis (PIED), Picea engelmannii (PIEN), Pinus ponderosa (PIPO), Pinus radiata
(PIRA2), and Pseudotsuga menziesii (PSME). The four species that make up the majority of experimental observations PIPO, PSME, ABGR, and PIEN - dominate the mean model behavior. Species that are poorly represented in the data diverge
from this mean model, with intercepts that predict later (PIED, ABLA, and PICO) or earlier (PIRA2) onset of complete
mortality with respect to the duration of heat exposure (Fig. 3), and earlier (PIED, ABLA, and PICO) or later (PIRA2) onset
of complete mortality with respect to surface temperature intensity (Fig. 4).
In fact, the mean value of β0 for those four heavily observed species has a range of only 0.53, while the mean
value of the four least observed species has a range of 6.33.

A .2

Model Comparison

Our proportional hazards model tended to overestimate seedling survival at high temperatures unless
SST exposure duration was increased greatly (Fig.A .6), even though empirical observations have shown
that exposures of even one minute at surface temperatures of 63◦ C or greater result in complete seedling
mortality (Kolb and Robberecht (1996)). We suspected that a Weibull proportional hazards model was
incapable of adequately representing the steep decline in seedling survival with SST, and that a logistic
model would be more capable of representing this data. In order to compare the performance of these two
models, we performed repeated k-fold cross validation, where our data is randomly split into K training sets
and a testing sets, and each model was fit separately to these K training sets. We repeated this process with
K = 10 folds 20 times, and calculated mean absolute error (MAE) and mean square error (MSE) for every
training and test set.
The logistic model described in Chapter 1 proved to be the better fit to our conifer survival data. The
average test MSE of the logistic model was 0.11, compared to 0.21 for the proportional hazards model (Fig.A
.1). The average test MAE of the logistic model was -0.15, compared to 0.43 for the proportional hazards
model (Fig.A .1). The magnitude of error displayed by our logistic model was much smaller than that
of the proportional hazards model. The logistic model slightly overestimated seedling survival, while the
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proportional hazards model greatly underestimated survival. In addition, posterior predictive draws from
the logistic model did not exhibit the same bias as draws from the proportional hazards model (Fig.A .2 vs.
Fig.B .1) - regardless of the specific parameter value drawn from the posterior distribution of the logistic
model, it will not capture one extreme of survival over the other.

Figure A .6: Modelled and observed survival of all conifer species (Abies grandis (ABGR), Abies lasiocarpa
(ABLA), Pinus contorta (PICO), Picea engelmannii (PIEN), Pinus ponderosa (PIPO), and Pseudotsuga
menziesii (PSME)) over experimental duration. Observed values are in black, while modelled data from
posterior predictive draws are colored by experimental duration. Modelled curves for species with few
observations are informed by the mean model behavior dominated by more well-represented species (e.g.
PICO and ABLA). Pinus radiata and Pinus edulis are not shown here, as they had very few observations
that exhibited no clear relationship with surface temperature intensity or duration.
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Appendix B
Here we provide additional details on the posterior distributions of model parameters for the logistic
survival model presented in Chapter 1. A visual check of posterior predictive draws showed that regardless
of the specific parameter values drawn from the posterior distributions of the model, predicted survival
probability will closely follow the distribtion of observed survival probability (Fig.B .1. The SST coefficient
β1 converged on a mean of 0.32 with a 95% credible interval from 0.24 to 0.39, while the exposure duration
coefficient β2 converged on a mean of 0.0050 with a credible interval of -0.016 to 0.025 (Fig.A .4b,c). The
interaction term β3 converged on a mean of −3.1 ∗ 10−5 with a credible interval of -0.0004 to 0.0003 (Fig.B
.2d). The pooled intercept parameter β0 converged on a mean of -18 with a credible interval from -23 to -14
(Fig.B .2a).

Figure B .1: Density of 100 posterior predictive draws (yrep) compared to observed data (y) from the logistic
model.
The intercept parameter distributions for the four species with the highest number of observations (P.
ponderoda, P. menziesii, A. grandis, and P. engelmannii ) are clustered together near the mean parameter
value (Fig.B .2a), while the four with scarce data (P. contorta, P. radiata, A. lasiocarpa, and P. edulis)
diverge from this pooled distribution (Fig.B .2). In fact, the mean value of β0 for those four heavily observed
species has a range of only 1.3, while the mean value of the four least observed species has a range of 6.
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Figure B .2: a) Posterior distribution of the intercept term β0 in the logistic model. The black line is the mean parameter
distribution, while colored density curves are species-specific intercept distributions for Abies grandis (ABGR), Abies lasiocarpa
(ABLA), Pinus contorta (PICO), Pinus edulis (PIED), Picea engelmannii (PIEN), Pinus ponderosa (PIPO), Pinus radiata
(PIRA2), and Pseudotsuga menziesii (PSME). Also shown are the posterior distributions of a) the SST coefficient, b) the
exposure duration coefficient, and c) the intercept term. Solid lines represent mean values, while dashed lines represent 95%
credible intervals.
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Appendix C
Here we provide observed data from NEON-operated temperature stations at a range of field sites from
across the western U.S. Time series of surface temperature exhibit fine-scale variation around underlying
diurnal curves (Fig.C .1), and temperatures can easily reach lethal thresholds for seedlings during the hot
summer months (Fig.C .2).

Figure C .1: Minute-by-minute surface temperature data obtained from NEON temperature stations at
Rocky Mountain National Park (RMNP), Abby Road (ABBY), and Soaproot Saddle (SOAP) field sites in
Colorado, Washington, and California, respectively. Data are shown from 2:00pm to 6:00pm on August 5,
2017.
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Figure C .2: Land surface temperature measured via IR temperature sensors located in a soil array and at multiple heights
on a NEON-operated tower in Rocky Mountain National Park for the month of July 2016.
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Appendix D
Here we provide tables of Ech2o input drivers and parameters that determine the behavior of the water
balance, energy balance, and forest growth components of the model.
Driver
Pr
Ps
Pt
RH
Rl↓
Rs↓
va

Description
Incident rainfall
Incident snowfall
Total incident precipitation
Relative humidity of the atmosphere at elevation za
Atmospheric longwave radiation
Incoming shortwave radiation
Wind speed at reference elevation za
Table D .1: Ech2o climate drivers (Maneta and Silverman (2013))

Units
ms−1
ms−1
s
W m−2
W m−2
ms−1

Parameter Description
Vegetation Traits and Forest Growth Component
Tmax
Maximum temperature for plant growth
Tmin
Minimum temperature for plant growth
Topt
Optimal temperature for plant growth
gsmax
Maximum stomatal conductance
gslight
Parameter controlling stomatal sensitivity to light
gsvpd
Parameter controlling stomatal sensitivity to vapor pressure
deficit
gspsic
Parameter controlling stomatal sensitivity to soil moisture content
gspsid
Soil moisture suction potential at which stomatal function is reduced by 50%
ω
Crown to stem diameter ratio
Fhd
Allometric growth factor determining height-to-stem-diameter
ratio
Θwp
Volumetric soil moisture content at wilting point
CN P P
GPP to NPP conversion factor
ξ
Canopy quantum efficiency representing light use efficiency
age
Effective age of tree stand
agemax
Typical longevity of trees of a given stand
Root
Root mass
Fpra
Carbon allocation parameter in species-specific partition function
that determines allocation of carbon between leaves, roots, and
stem
Fprn
Carbon allocation parameter in species-specific partition function
that determines allocation of carbon between leaves, roots, and
stem
Spra
Carbon allocation parameter in species-specific partition function
that determines allocation of carbon between leaves, roots, and
stem
Sprn
Carbon allocation parameter in species-specific partition function
that determines allocation of carbon between leaves, roots, and
stem

Units
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◦

C
C
◦
C
ms−1
◦

m
0-1
m3 m−3
kg J −1
yr
yr
kg m−2
-

-

-

-

pf s

σLAI
σRAI
Fhdmax
Fhdmin
ρwoodw
δr
δf
δf w
δf T
δf wmax
δf T max
Xstormax
α
C
k
ξw
z0o
z0u
fgc (ea )
fgc (Ta )
fgc (Θ)
fgc (Rs↓ )
fGP P (age)
fGP P (Ta )
fp
γδw
γδT
Ht
βδw
βδT
LAI
lm
ηf
ηr
ηs
Ntrees
p
rc
ζ
ρt
Stc

η
Sx
RR
Kef f

Carbon allocation parameter dependent on Fprn , Fpra , Sprn , and
Spra in species-specific partition function that determines allocation of carbon between leaves, roots, and stem
Specific leaf area
Specific root area
Maximum allowed height to stem diameter
Minimum allowed height to stem diameter
Density of wood
Base root turnover rate
Base leaf turnover rate
Leaf turnover rate due to water stress
Leaf turnover rate due to temperature stress
Maximum leaf turnover rate due to water stress
Maximum leaf turnover rate due to temperature stress
Maximum canopy water storage per unit LAI
Albedo of forest canopy
Emissivity and absorptivity of forest canopies
Beer’s law light extinction coefficient for the canopy
Vegetation water-use efficiency
Roughness height of the overstory
Roughness height of the understory
Canopy conductance efficiency factor for vapor pressure
Canopy conductance efficiency factor for air temperature
Canopy conductance efficiency factor for soil moisture
Canopy conductance efficiency factor for incoming shortwave radiation
Forest production control related to tree age
Forest production control related to air temperature
Fraction of pixel covered by canopy of a specific vegetation type
Shape parameter in foliar loss function due to hydrologic stress
Shape parameter in foliar loss function due to temperature stress
Effective tree height
Soil moisture stress for foliage loss
Temperature stress for foliage loss
Leaf area index
Average separation of leaves in the canopy
Fraction of NPP allocated to leaves
Fraction of NPP allocated to roots
Fraction of NPP allocated to stems
Number of trees of a specific vegetation type in a given cell
Vegetation type identifier: highest value identifies bare soil
Canopy resistance to latent heat flux
Leaves shading/sheltering factor
Average mass increment per individual tree
Crowding factor dependent on the density of trees in the cell and
the crown coverage
Soil characteristics and surface properties
Soil porosity
Slope of the bedrock in the downslope direction
Random (small scale) roughness of the terrain
Effective hydraulic conductivity of the soil
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-

m−2 kg −1
m−2 kg −1
kg m−3
s−1
s−1
s−1
s−1
s−1
s−1
m
0-1
0-1
kg J −1
m
m
0-1
0-1
0-1
0-1
0-1
0-1
0-1
m
m
0-1
0-1
0-1
1, 2, ... , P
s−1 m
0-1
kg per tree
m2

0-1
0◦ - 360◦
m
ms−1

Kp
Ks
KT (Θ)
ψ
ds
Θ
Θ10
Θf c
dg
du
αs
b
β
BClambda
cp
cs (Θ)
S
e∗s
Hu
i

If
j
Fp
rs
ρp
Kef f
ca
ci
cw
e
e∗
ea
ec
γ
Ka
Kw
λf
λv
Mi
µM
nc
Pa
Pe
φea

Thermal conductivity of the soil solid particles
Vertical soil saturated hydraulic conductivity
Soil thermal conductivity
Soil air entry pressure
Hydrologically active soil depth
Average volumetric soil water content of ds
Average volumetric soil moisture of the top 10 cm of soil
Volumetric soil moisture content at field capacity
Depth of the top thermal layer of the soil
Depth of integration of hydrostatic soil moisture profile
Albedo of the soil surface
Groundwater transfer empirical parameter
Function of soil moisture to calculate pore relative humidity
soil pore size distribution
Heat capacity of the soil solid particles
Soil volumetric heat capacity
Emissivity and absorptivity of the soil surface
Saturation vapor pressure in the soil
Depth to the hypothetical saturated lower boundary for a hydrostatic soil moisture profile
Spatial position index in the finite-differences grid of the model
domain, which is established by a regularly gridded digital elevation model (DEM)
Infiltration rate into the soil
Temporal position index in the finite-differences grid, which is
established by a regularly gridded digital elevation model (DEM)
Potential water infiltration depth into the soil
Soil resistance to latent heat transfer
Density of soil solid particles
Effective relative soil saturation
Energy and water balance
Specific heat capacity of air
Specific heat capacity of frozen water
Heat capacity of water
Vapor pressure
Saturation vapor pressure
Vapor pressure of air at elevation za
Saturation vapor pressure at the surface of leaves
Psychrometric relationship
Thermal conductivity of the air
Thermal conductivity of water
Latent heat of fusion
Latent heat of vaporization
Snowmelt rate
Empirical snowmelt coefficient
Wind speed exponential decay coefficient for canopies
Air pressure
Angular rotational speed of the earth for hourly time steps or
angular speed of translation around the sun for daily time steps
Empirical coefficient of the vapor pressure efficiency function for
canopy resistance
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W m−1◦ C −1
ms−1
W m−1◦ C −1
m
m
m3 m−3
m3 m−3
m3 m−3
m
m
0-1
m−1
Jkg −1◦ C −1
Jkg −1◦ C −1
0-1
Pa
m
-

ms−1
m
s−1 m
kg m−3
Jkg −1◦ C −1
Jkg −1◦ C −1
Jkg −1◦ C −1
Pa
Pa
Pa
Pa
P a◦ C −1
W m−1◦ C −1
W m−1◦ C −1
J kg −1
J kg −1
ms−1
m◦ C −1
Pa
s
-

φs↓
φΘ
qcap
qchan
qrch
qrtn
qup
Qg
R
ra
ras
rav
rexp
RHCs
RHΘ
za
zdo
zdu
zt
Rpar
ρa
ρw
S
σ
Tm
tp
Trs

Empirical coefficient of the soil radiation efficiency function for
canopy resistance
Empirical coefficient of the soil moisture efficiency function for
canopy resistance
Rate of water transfer from the free gravitational pool of water
to the capillary pool
Rate of water transfer from the subsurface system to cells with a
channel
Rate of water transfer to the gravitational poor of water
Return flow from subsurface per unit area of cell
Overland run-on flow rate per unit area of cell
Flux of gravitational water per unit width
Sensible heat advected by rainfall/throughfall
Aerodynamic resistance
Aerodynamic resistance for surface: ras = ra for bare ground
areas; ras = rexp + rav for vegetated areas
Aerodynamic resistance over tree canopies
Aerodynamic resistance within tree canopies
Relative humidity at the leaf surface
Relative humidity in the soil pores
Reference elevation for atmospheric conditions
Zero-plane displacement for overstory
Zero-plane displacement for understory
Apparent sink of momentum/heat/vapor in vegetated areas
Photosynthetically active energy over the model time step
Density of air
Density of water
Heat flux into the snowpack
Stefan–Boltzmann constant
Temperature of the melting point of water
Time at which surface ponding occurs
Temperature of the rain–snow transition
Table D .2: Parameters used in Ech2o (Maneta and Silverman
(2013)), organized into three categories: parameters that govern
vegetation behavior and the forest growth component, parameters
that govern fluxes and stores of the water balance component, and
parameters that govern fluxes and stores of the energy balance
component.
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ms−1
ms−1
ms−1
ms−1
ms−1
m2 s−1
W m−2
s−1 m
s−1 m
s−1 m
s−1 m
m
m
m
m
Jm−2
kg m−3
kg m−3
W m−2
W m−2 K −4
◦
C
s
◦
C

Appendix E
Here we provide supporting information about the impact of quantile selection and time step selection
on Ech2o model performance as measured against MODIS SST observations.

Figure E .1: Difference in MAE of (a) seasonal peak, (b) seasonal maximum SST, and (c) seasonal range
of SST depending on the quartile value chosen. There were no statistically significant differences in MAE
values between quartiles for any error metric, as measured by an ANOVA test.
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Figure E .2: Difference in MAE of (a) seasonal peak, (b) seasonal maximum SST, and (c) seasonal range of
SST depending on the Ech2o time step chosen. There were no statistically significant differences in MAE
values between time steps for any error metric, as measured by an ANOVA test.
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